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Abstract: A new retrieval of total column water vapour (TCWV) from daytime measurements over
land of the Ocean and Land Colour Instrument (OLCI) on-board the Copernicus Sentinel-3 missions
is presented. The Copernicus Sentinel-3 OLCI Water Vapour product (COWa) retrieval algorithm is
based on the differential absorption technique, relating TCWV to the radiance ratio of non-absorbing
band and nearby water vapour absorbing band and was previously also successfully applied to
other passive imagers Medium Resolution Imaging Spectrometer (MERIS) and Moderate Resolution
Imaging Spectroradiometer (MODIS). One of the main advantages of the OLCI instrument regarding
improved TCWV retrievals lies in the use of more than one absorbing band. Furthermore, the COWa
retrieval algorithm is based on the full Optimal Estimation (OE) method, providing pixel-based
uncertainty estimates, and transferable to other Near-Infrared (NIR) based TCWV observations.
Three independent global TCWV data sets, i.e., Aerosol Robotic Network (AERONET), Atmospheric
Radiation Measurement (ARM) and U.S. SuomiNet, and a German Global Navigation Satellite
System (GNSS) TCWV data set, all obtained from ground-based observations, serve as reference data
sets for the validation. Comparisons show an overall good agreement, with absolute biases between
0.07 and 1.31 kg/m2 and root mean square errors (RMSE) between 1.35 and 3.26 kg/m2. This is a
clear improvement in comparison to the operational OLCI TCWV Level 2 product, for which the
bias and RMSEs range between 1.10 and 2.55 kg/m2 and 2.08 and 3.70 kg/m2, respectively. A first
evaluation of pixel-based uncertainties indicates good estimated uncertainties for lower retrieval
errors, while the uncertainties seem to be overestimated for higher retrieval errors.
Keywords: OLCI; Sentinel-3; total column water vapour; retrieval algorithm; validation; AERONET;
ARM; GNSS
1. Introduction
Atmospheric water vapour plays an important role in both climate and weather.
On large spatial and temporal scales, the amount of water vapour has a high impact on
Earth’s climate and its evolution through the exchange of energy by latent heat transport,
acting as a strong greenhouse gas, and accompanying radiative feedbacks , e.g., [1,2].
Despite extensive research using numerous well-established climate models, large uncer-
tainties exist in the spatio-temporal variability of atmospheric water vapour as well as in
the estimates of its radiative forcing and climate sensitivity, e.g., [3–5]. To evaluate and
improve the model representation of water vapour and its interaction with, e.g., clouds and
radiation, comprehensive water vapour observations are needed. Consequently, the Global
Climate Observing System (GCOS; https://gcos.wmo.int/, accessed on 1 March 2021) has
declared the total column water vapour (TCWV) as a variable critical for characterising the
climate system and its changes, i.e., local and global trends.
On smaller temporal and spatial scales, the amount of water vapour in the atmosphere
can shape local weather conditions because of its important role in the hydrological cycle.
Numerous studies have shown that due to its abundance in the lower tropospheric layers
and the coupling with surface processes, it plays a very active role in small-scale boundary
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layer processes like convective initiation, e.g., [6–8]. Still, accurate representations of small-
scale water vapour variabilities and related atmospheric processes in numerical weather
prediction models are challenging, e.g., [9,10]. In particular the prediction of accompanying
high-impact weather phenomena like thunderstorms and heavy precipitation, remains
problematic, e.g., [11,12].
To face all these challenges, a wide range of TCWV observational data sets have been
developed through the years. In the frame of obtaining an overview and assessing the
quality of a number of long-term water vapour data records from satellite-, in-situ and
ground-based observations, including reanalyses as well, the Global Energy and Water
cycle Exchanges (GEWEX, [13]) Data and Assessments Panel (GDAP) has initiated the
GEWEX Water vapour Assessment (G-VAP, [14]) in 2011. Through the analyses and inter-
comparisons of the data records, the current state of the art of water vapour products for
climate applications is quantified. Please note that in the wider literature different terms
are used for TCWV, all representing the same quantity, including for example integrated
water vapour (IWV) and total precipitable water (TPW).
Of these existing TCWV observational data sets, only passive imagers on polar-
orbiting satellites provide a daily (near) global coverage with high accuracy. Over the
oceans, a number of TCWV retrieval methods for measurements from microwave ra-
diometers (MWRs), e.g., the Special Sensor Microwave/Imager (SSM/I) , e.g., [15,16] have
been established since many years. Over land surfaces, which exhibit stronger hetero-
geneity, a number of TCWV retrieval methods using measurements in the visible and
near-infrared part of the spectrum have been established. Specifically, measurements in
the ρστ-absorption band, between 890 and 1000 nm, for which all land surfaces types are
bright enough, allow the accurate retrieval of TCWV at high spatial resolutions down to
several hundred meters [17–21]. The differential absorption technique, using the ratio of
measurements in the ρστ-absorption band and a nearby window band, is applied by [22]
to cloud-free observations of the Medium Resolution Imaging Spectrometer (MERIS) on-
board Envisat to create global time series of TCWV [23]. To fill the temporal gap between
observations from MERIS and its follow-up instrument Ocean and Land Colour Instrument
(OLCI) on-board the Sentinel-3 satellites, the optimal estimation (OE) procedure for MERIS
TCWV retrievals [22] was successfully adapted for near-infrared (NIR) measurements of
the Moderate Resolution Imaging Spectroradiometer (MODIS) on-board Aqua and Terra
satellites [24].
Despite the relatively low temporal sampling of MODIS and MERIS-based TCWV
observations, a study on their representativeness shows only a minor impact of the limited
time of observation of the morning overpass in comparison to daily means [25]. How-
ever, all NIR based TCWV observations require clear sky conditions, which occasionally
can lead to a dry bias of up to 5 kg/m2 for TCWV monthly means compared to all sky
observations. Using ground-based TCWV measurements from a dense German Global
Navigation Satellite System (GNSS) network as reference, it was shown that the temporal,
clear-sky and daytime satellite sampling limitations only marginally affect TCWV means,
though significant changes can be observed in the TCWV frequency distributions [26].
The potential of the high spatial resolution TCWV observations in the order of hundred
meters for the detection and quantification of small-scale structures, related to convective
features, was demonstrated for a MERIS case [27].
The launch of the Copernicus Sentinel-3a and Sentinel-3b satellites [28], in the years
2016 and 2018, respectively, and their on-board OLCI instruments, provides for continuity
with the Envisat MERIS mission. While the European Space Agency’s (ESAs) primary
OLCI mission is the observation of sea and land surfaces, a secondary objective relates to
the accurate retrievals and descriptions of the atmospheric state. One part is the opera-
tional TCWV retrieval. It is based on the method designed for MERIS [22]. It makes use of
the MERIS-heritage bands thus only one of the two water vapour absorption bands. In the
framework of the Improvement in Copernicus Sentinel-3 OLCI Water Vapour product
(COWa) project (see https://www.eumetsat.int/COWA, accessed on 1 March 2021) an
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improved TCWV retrieval algorithm for OLCI is set up and first validation studies are
performed [29,30]. The aim of COWa is to fully exploit OLCI’s extended spectral capabil-
ities by using the two bands sensitive to water vapour absorption. [31] has shown that
this reduces the uncertainty in comparison to a retrieval using only one absorption band.
The retrieval method is based on the full OE method, thus providing also TCWV uncer-
tainty estimates on a pixel-bases, in addition it is easily transferable to other NIR-based
TCWV observations.
Although we have set up separate forward models for land and water surfaces, the fo-
cus in this work is on the presentation and validation of the enhanced OLCI COWa TCWV
retrievals for land surfaces only. The Sentinel-3 satellites carry microwave radiometers
which allow accurate TCWV estimates over the oceans for the sub-satellite track [32],
but the accuracy of the retrievals suffers over land due to very variable and high surface
emissivities. This further emphasises the need to obtain accurate TCWV retrievals over
land from OLCI observations.
The structure of this paper is as follows. In Section 2, the OLCI instrument, its L1 and
L2 data and four well-established observational TCWV reference data sets are introduced.
In Section 2.3, the OLCI COWa TCWV retrieval method is described, with details on
the forward model, including a new correction for water vapour absorption, and on the
inversion technique with accompanying uncertainty estimations. Validation results on a
global scale and for the region of Germany (from now on called the German domain) are
presented in Section 3. In addition, a first evaluation of the OLCI COWa pixel-based TCWV
uncertainty estimates is introduced. Finally, a discussion is given in Section 4.
2. Data and Methodology
In the following, the OLCI instrument technical characteristics and corresponding
L1 and L2 data, that serve as input in the COWa TCWV retrieval algorithm, are specified.
Furthermore, also four well-established TCWV ground-based observational data sets,
based on different measurement and retrieval techniques, are described. They serve as
reference data sets in the validation study of the COWa TCWV product, which is presented
in Section 3 .
2.1. OLCI
The Sentinel-3 OLCI instruments are based on the opto-mechanical and imaging
design of ENVISAT MERIS. The instrument is a quasi-autonomous, self-contained, visible
pushbroom imaging spectrometer and incorporates the following significant improvements
when compared to MERIS:
• An increase in the number of spectral bands from 15 to 21;
• Improved signal-to-noise-ratio (SNR) and a 14-bit analogue to digital converter;
• Improved long-term radiometric stability;
• Mitigation of sun-glint contamination by tilting cameras in westerly direction by 12.6°;
• Complete coverage over both land and ocean at 300 m Full-Resolution (FR);
• Improved instrument characterisation including stray-light, camera overlap, and cali-
bration diffusers;
• Pixel specific spectral characterisation (central wavelength, bandwidth, solar irradiance).
The cameras are arranged to slightly overlap with each other to cover a wide 68.5°
across-track field of view. See Figure 1 and Table 1 for further technical details. An ad-
ditional band Oa21 at 1.02 µm, in comparison to MERIS, has been included to improve
atmospheric and aerosol correction capabilities, and additional channels in the O2A-band
at around 762 nm spectral region are included for improving cloud detection. Furthermore,
these channels are also providing information to improve cloud top pressure retrievals.
While MERIS had two bands for the retrieval of TCWV, band Me14 as a reference and band
Me15 as the water vapour absorption band, OLCI has one additional reference band (Oa21)
and one additional water vapour absorption band Oa20, see Table 2.
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Figure 1. OLCI’s tilted field of view with 5 cameras. From https://sentinel.esa.int/web/sentinel/user-guides/sentinel-3-olci
(accessed on 1 March 2021).
Table 1. Technical specification of the OLCI instrument onboard Sentinel-3. Adapted from https:
//sentinel.esa.int/web/sentinel/user-guides/sentinel-3-olci (accessed on 1 March 2021).
Swath width 1270 km
Field of view 68.5 °
Local solar time (LST) 09:00–10:30
Full resolution (FR) sub-satellite point 300 m
Reduced resolution (RR) sub-satellite
point 1200 m
Radiometric accuracy 2 % abs, 0.1 % rel
2.1.1. L1 and L2 Data
The COWa processor is using radiances LNi normalised to the corresponding inband





Fi is the extraterrestrial solar irradiance averaged over the relative spectral response of band
i. The observation geometry is expressed in viewing zenith angle, sun zenith angle and
azimuth difference angle. All used quantities are conveniently provided in the standard
L1b product-files including auxiliary data: sea level pressure psea, surface elevation h, air
temperature at surface and eventually total column water vapour from European Centre
for Medium-Range Weather Forecasts (ECMWF) analyses, using the Non Time Critical
(NTC) OLCI data, for a first guess. The surface pressure psur is estimated from surface
elevation (in m) and sea level pressure by using the international barometric formula:
psur
psea
= (1− ( h
44330
))5.2555 (2)
L2 data are used for cloud masking by applying the standard flags CLOUD, CLOUD
AMBIGUOUS and CLOUD MARGIN. This is fully consistent with the standard OLCI L2
water vapour product (see next section).
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Table 2. OLCI bands used in the COWa TCWV retrieval. * Not used in presented retrieval algorithm, but planned to be
included in future versions. The MERIS heritage bands are indicated in blue. Adapted from https://sentinel.esa.int/web/
sentinel/user-guides/sentinel-3-olci (accessed on 1 March 2021) and [28].
Band λ Centre (nm) Width (nm) Function
Oa17 865 20 Atmospheric and aerosol correction, clouds, pixel co-registration
Oa18 885 10 Water vapour absorption reference band/vegetation monitoring
Oa19 900 10 Water vapour absorption/vegetation monitoring
Oa20 940 20 Water vapour absorption, Atmospheric correction/aerosol correction
Oa21 * 1015 40 Atmospheric and aerosol correction
2.1.2. L2 Standard TCWV Product
OLCI’s standard L2 products for Land (OL_2_LFR/OL_2_LRR) and Water (OL_2_
WFR/OL_2_WRR) contain a total column water vapour field (parameter name IWV) for
cloud free pixel. It is based on a differential absorption technique using the combination of
the water vapour absorption band Oa19 and the near-by non-absorbing reference bands
Oa17 and Oa18. It builds on the heritage of the TCWV retrieval algorithm designed
for MERIS measurements [22] (see Table 2). The water vapour column above a pixel is
eventually estimated by comparing Radiative Transfer (RT) based simulations with the
corresponding OLCI measurements. The RT-simulations are approximated by a product of
the atmospheric transmission (using exponential sums of pre-calculated uncorrelated k-
distribution terms) and an estimation of the scattering—absorption—interaction, quantified
by a factor and stored in a look-up table (LUT). The optimisation with respect to the total
column water vapour is done by a one-dimensional gradient descent (Newton secant
method) (see also https://sentinel.esa.int/web/sentinel/technical-guides/sentinel-3-olci/
level-2/water-vapour-retrieval, accessed on 1 March 2021).
For the cloud detection, the standard L2 cloud-mask has been applied, including the
cloud ambiguous and cloud margin flags (see also https://sentinel.esa.int/web/sentinel/
technical-guides/sentinel-3-olci/level-2/pixel-classification, accessed on 1 March 2021).
For all OLCI L2 products error estimates are provided. The performance of the OLCI
standard TCWV product for both Sentinel-3a and Sentinel-3b are presented in several
studies, e.g., [33,34].
2.2. Reference TCWV Data Sets
A validation study of the new OLCI COWa and OLCI standard TCWV products is
performed for observations over land surfaces only (Section 3). On a global scale, the vali-
dation is performed via comparisons with ground-based measurements of water vapour
from the Aerosol Robotic Network (AERONET) and Global Navigation Satellite System
(GNSS). The comparison against the measurements from microwave radiometer on Atmo-
spheric Radiation Measurement (ARM) sites serves as a consistency check, to be explained
in Section 2.3.3. For a German domain, the validation is performed via comparison to
observations from the dense German GNSS network. In the following a short description
of the ground-based instruments and corresponding TCWV products is given.
2.2.1. ARM
Three fixed and continuously operated, as well as several mobile, multi-platform
ARM site facilities are spread globally, covering diverse climate regimes with the aim to
provide detailed and accurate description of the Earth’s atmosphere, especially atmospheric
radiative processes, with the aim to resolve the uncertainties in climate and earth system
models [35]. The two-channel microwave radiometers (MWRs) are designed to measure
the downwelling radiation emitted by atmospheric water vapour and liquid water at
frequencies of 23.8 GHz and 31.4 GHz [36]. The temporal resolution of the MWRs is 20 s.
Since there is only insignificant uncertainty introduced by the background emission of
the cold space, ground-based microwave data are considered as one of the most accurate
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methods for the determination of the water vapour column amount. The measurement
uncertainty is expected to be in the range of 0.3 kg/m2 [37].
2.2.2. AERONET
Frequent and long-term measurements of atmospheric parameters, focusing on aerosol
optical properties and precipitable water, are provided for hundreds of AERONET sites
distributed over the globe [38]. The sun photometer instruments measure the downwelling
radiances within the ρστ-absorption band, for which just like with OLCI measurements,
the TCWV can be retrieved. For this study, global TCWV values from the Direct Sun
Algorithm Version 2 [39–41] were collected (downloaded from https://aeronet.gsfc.nasa.
gov, accessed on 1 March 2021) The temporal resolution depends on the scanning settings
of the local sun photometer instrument and varies between 2 and 20 min. In [42], it is
stated that the analysed AERONET based TCWV retrievals in-close a consistent dry bias of
approximately 5–6% and an estimated uncertainty of 12–15%.
2.2.3. U.S. SuomiNet
GNSS networks provide long-term and accurate TCWV data sets for a large number
of locations, including thousands of Global Positioning System (GPS) stations, around the
globe and are widely used in research involving water vapour observations. In this study
we use the near-global U.S. SuomiNet (UCAR/COSMIC) TCWV product [43], consisting
of about 400 GPS stations for the year 2018. This large network provide TCWV values
retrieved from consistently processed GPS measurements of the temperature- and humidity-
dependent zenith path delay at a couple of hundred sites with a temporal resolution
of 30 min. For a detailed description of the analysis method and the data set see [44].
The uncertainty of this TCWV product is not precisely stated by the authors, however
similar data sets published accuracies of 1–2 kg/m2 [45,46].
2.2.4. German GNSS Network
In Germany a dense GNSS network provides measurements, with no limitations in
respect to weather conditions and time of day, at a temporal resolution of 15 min. The Ge-
oforschungszentrum Potsdam (GFZ) processes data of approximately 300 GPS stations
operationally and in near-real time (NRT) using the EPOS software [45]. The estimated
travel time of a signal from various GPS satellites to a receiver at the ground-based sta-
tion, depends on the atmospheric state along the travel such as the water vapour amount.
The part of the signal delay attributed to water vapour amount, the so called wet delay, is,
in combination with meteorological observations of temperature and pressure at the GPS
station, related to TCWV. For this study, the TCWV data set was downloaded from the
Standardized Atmospheric Measurement Data (SAMD) Archive [47,48]. The months for the
time period May-September 2018 were provided separately by the University of Cologne
and processed with the same retrieval framework used for the production of the TCWV
data set archived in SAMD. The TCWV is provided with an accuracy of 1–2 kg/m2 [45].
2.3. Retrieval Method
In the following, the principles of the proposed TCWV procedure is sketched, which
can be classified as a 1D-Var approach. The forward operator is expressed as look-up
tables, which have been calculated by means of radiative transfer simulations taking into
account various atmospheric conditions. To be independent of solar cycles, and time of year,
normalised radiances are used (see Equation (1)). A 1D-Var scheme optimises the difference
between simulated and measured radiances by iteratively varying the TCWV value and
additional state parameter, following the scheme after Rodgers [49] (see Section 2.3.5).
2.3.1. Physical Background
Water vapour has various absorption features in the solar and terrestrial spectrum,
which is due to a combination of the three fundamental vibration modes, their overtone
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and rotational transition of the water molecule. Measurements of reflected sunlight in
the ρστ-absorption band enable a determination of TCWV if the following conditions
are given:
• Solar radiation is available, limiting the retrieval to daytime measurements
• The band measuring the absorption is located in a sensitive part of the spectrum but
not saturated.
• The surface brightness in the absorption band can be estimated.
• The lower troposphere, holding the main part of the TCWV, is not masked by clouds
or optically thick aerosol layers.
For monochromatic radiation, neglecting scattering processes along the photon path,
the transmittance T through the atmosphere can be related to its optical depth τ and the
air mass along the geometrical path following the Bouguer-Lambert-Beer law. The optical
depth of a medium is a measure of the amount of attenuating species, here the extinc-
tion cross section of water vapour molecules multiplied by their number density and
integrated along the geometric path. However, the absorption measured by a medium
resolution satellite instrument cannot be quantified by the simple Bouguer-Lambert-Beer
law, since the band average transmission results from the superposition of many individual
absorption lines, whereby their depths and widths result from pressure- and temperature
dependent broadening processes. Consequently, the knowledge of the actual temperature-
pressure profile is necessary in order to simulate the correct atmospheric transmittance.
References [22,50] showed, that it is sufficient to use the surface pressure and the 2 m-
temperature to approximate the transmittance corresponding to the actual temperature
profile by adequately mixing the pre-calculated transmittance values corresponding to two
close standard profiles.
In NIR, the scattering is dominated by mostly forward scattering aerosols and thus
the geometrical path coincides well with photon path. Therefore, the effect of single and
multiple scattering on aerosols is usually only a few percent of the direct reflected solar
radiation in the NIR region, nevertheless it is not negligible as shown and quantified by [22]
using a scattering factor f . In particular, above dark surfaces, where a large part of the
photons is reflected by atmospheric scatterers and thus does not travel through the whole
vertical column of water vapour, the scattering must be precisely considered. However,
in the NIR spectral range almost all land surfaces provide a good background (surface
albedo > 0.1).
2.3.2. Forward Model
For the forward operator, radiative transfer simulations were performed for various
atmospheric conditions and stored in look-up tables. The needed gaseous absorption
coefficients, based on HITRAN 2016 data [51], were calculated using an advanced k-
distribution routine for different standard temperature profiles [20,52]. Eventually, the used
absorption optical thicknesses were modified as described in [24] and in Section 2.3.3.
Interactions with aerosol particles and molecules are simulated with the radiative transfer
Matrix Operator Model (MOMO) [53]. Over land, the surface is assumed to be Lambertian.
The standard forward operator is an n-dimensional linear interpolation in the pre-calculated
LUTs, having the state vector elements and auxiliary data as dimensions, see Table 3.
However, the forward model is exchangeable; a full online radiative transfer simulator like
Radiative Transfer for TOVS (RTTOV; [54]) or different LUT parameterisations can be used.
Depending on the surface type, the algorithm uses different sets of state parameters and
additional parameters assumed to be fixed. Over land, the retrieved state consists of the
surface albedo in the window bands and the TCWV. The surface temperature and pressure
constrain the choice of the assumed temperature profile. The aerosol optical thickness
constrains the atmospheric state further. The priors for the atmospheric state are taken
from ECMWF analysis (non-time critical) or forecast (for near-realtime analysis).
The forward operator used in the TCWV retrieval is a generic module that provides
simulated radiances measured by a satellite under specific atmospheric conditions. The sub-
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set of all physical parameters relevant for the radiative transfer that is retrieved, is here
called the state vector. The remaining parameters are fully constrained (not variable) during
the retrieval, in particular the
• Aerosol type (continental or maritime aerosol);
• Aerosol scale height (1500 m);
• Profile of temperature and humidity;
• Aerosol optical depth (above land only, from climatology);
• Central wavelength of the absorption bands (see Section 3.3).
Table 3. Retrieved physical parameters and forward operator settings, i.e., LUT, for the land retrieval scheme. TCWV =
Total Column Water vapour; AL0 and AL1 = Surface albedo in window band 0 and 1; WVC = Water vapour Content; AOT
= Aeorsol Optical Depth at 900 nm; PRS = Surface Pressure; TMP = Air Temperature at 2 m; SUZ = Sun Zenith Angle; VIE =
Viewing Zenith Angle; AZI = Azimuth difference angle. Note, that the surface pressure and the water vapour column are
non-linearly, scaled and transformed with natural logarithm and square root, respectively, in order to increase the linearity.




WVC in kg/m2 [0.1, 0.5, 5., 20., 40., 75.]
AL0 and AL1 [0.001, 0.01, 0.1, 0.3, 1.]
AOT [0., 0.05, 0.1, 0.2, 0.7]
PRS in hPa [1030, 780, 530]
TMP in K [263.13, 288.13, 313.13]
SUZ and VIE in degree [0., .8, 18.9, 28.0, 37.1, 46.1, 55.2, 64.3, 73.4]
AZI in degree [0, 18, 36, 54, 72, 90, 108, 126, 144, 162, 180]
2.3.3. Correction of Simulated Water Vapour Absorption
Reference [24] found a systematic overestimation of TCWV from MODIS NIR measure-
ments compared to ground based microwave radiometer measurements. They identified
several possible reasons: (i) deficits in spectral and radiometric characterisation of the
MODIS bands, (ii) deficits in NIR forward simulations and (iii) a systematic underesti-
mation of the microwave radiometer-based retrievals. The latter was excluded, since the
wet bias was consistently found when compared to ground based GPS measurement and
radiosonde observations. They further excluded spectral calibration reasons by analysing
synthetic sensitivity tests. These findings are consistent with TCWV retrievals from OLCI.
First, there is a systematic overestimation of about 10 percent (see Section 3.1). Second,
OLCI’s standard TCWV retrieval does not show distinct camera-dependent features, al-
though the central wavelength of the bands jump by more than 1.2 nm between some of
the 5 cameras. The origin of the deficiency of the retrieval is not known yet. It could lay
in the description of water vapour absorption, in particular in the insufficient description
of the continuum absorption or broadening effects. However, instrument effects (e.g.,
over or under-corrected spectral stray light) cannot be ruled out either. Hence, they intro-
duced correction coefficients in order to adjust the atmospheric transmittance. We follow
this approach.
τabscorr = a + b · τabs (3)
τabs is the optical thickness of water vapour absorption, τabscorr is the corrected optical
thickness. The coefficients a and b were obtained by minimising the difference between the
simulated and measured OLCI observations using the ARM-MWR data set as a reference
(see Section 2.2.1). It is important to note, that this was done for the bands 19 and 20
individually. The derived correction coefficients are given in Table 4.
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Table 4. Correction coefficients (see Equation (3)) for the adjustment of the absorption optical




2.3.4. OLCI-A/B Camera Dependent Spectral Shifts
Due to the optical design of OLCI’s five cameras, all spectral bands show a slightly
varying spectral response over the field of view, and further small discontinuities at the
four transitions between the cameras. The first moment of the relative spectral response,
the central wavelength, exhibits variations of up to 1 nm within one camera and jumps of
up to 1.6 nm between the cameras [55]. Retrievals using spectral channels within or close to
varying absorption bands are sensitive to these spectral shifts, which must be considered
in associated retrieval processes, such as for the MERIS O2A-band cloud top pressure
retrieval [56]. Previous retrievals of spectral shifts on MERIS and OLCI water vapour
retrievals have indicated that the shifts and jumps are small enough to be neglected [22],
but this was simply based on the non-visibility of discontinuities of the water vapour fields
on the camera boundaries.
A first investigation quantifies the impact of a spectral-shift of 1 nm on the atmospheric
transmission of band Oa19 for a U.S. Standard Atmosphere [57] with a total water vapour
column of 16 kg/m2. The transmission changes between 0.005 and 0.011 (depending
on the air mass factor), when the central wavelength is shifted from 901 nm to 899 nm.
Increasing the water vapour by 1 kg/m2 changes the transmission in the same order
magnitude (see Figure 2). For this specific case 1 nm uncertainty of the spectral location of
the band corresponds to approximately 0.5 kg/m2 (3%) uncertainty of the retrieved water
vapour column. Comparing to, e.g., the root mean squared difference between OLCI’s and
SuomiNets TCWV, which is in the order of 10%, it follows that uncertainty of the spectral
characterisation of OLCI contributes significantly to the uncertainty of retrieved water
vapour column (see Section 3).
















































Figure 2. Left: Simulated transmission for band Oa19 of a U.S. Standard Atmosphere with a TCWV of 16 kg/m2, spectrally
shifted by ± 1 nm for different air mass factors (AMF). Middle: Change of the transmission, if band is shifted by 1 nm.
Right: Change of the transmission, if TCWV is increased by 1 kg/m2.
2.3.5. Inversion Technique
This retrieval estimates TCWV values with the help of an inverse modelling scheme.
Deviations between modelled and measured radiances as well as between the estimated
state and the prior knowledge about the state are iteratively reduced, using a varia-
tional method. The uncertainties are estimated by taking into account all known un-
certainty influences.
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The estimation of a state vector X based on a measurement Y and a priori knowledge




(Y− F(X))TS−1E (Y− F(X)) +
1
2
(Xa − X)TS−1a (Xa − X) (4)
With SE and Sa being the measurement and a priori error co-variance matrices, respec-
tively, and F(X) a forward model calculating a measurement Ym from a state X.
This approach assumes Gaussian probability density functions and bias-free mea-
surements, priors and models. There are several methods to find the optimal solution
of Equation (4). If the dependencies between state vector X and measurement Y are not
high-frequency (ideally the cost is convex) or if a first guess estimation X f g in the con-
vex vicinity of the optimal solution exists (thus a solver does not trap into local minima),
gradient-based methods can be used, such as: Steepest Descent, Gauss–Newton, Levenberg–
Marquardt and Newton method. The commonality among them is, that starting from a
first guess they iteratively approximate the optimal solution using gradient (the Jacobian)
or (approximations of) the second order derivatives (the Hessian) for the update step us.
Xi+1 = Xi − usi (5)
The OLCI COWa TCWV retrieval algorithm is using the Gauss–Newton update step:
usi = (S−1a + K
T
i · S−1E · Ki)
−1 · [KTi · S−1E · (F(Xi)−Y)− S
−1
a · (Xa − Xi)] (6)
The iteration is stopped when the maximum number of iterations is reached or when
the following criterion is met (see Rodgers [49]):
(Xi − Xi+1)T · Ŝ−1i · (Xi − Xi+1) ≤ n · ε (7)
n is the number parameter in the state vector and ε is adjustable, e.g., to 0.01. Ŝ, the retrieval
error co-variance is detailed further in Section 2.3.6. The first guess of TCWV is taken from
model predictions or analysis.
A common and useful treatment of an inverse problem to increase convergence
speed is to transform it to a ‘more linear’ form. We transformed the measurement in the













where ρi is the top of atmosphere reflectance in bands 19 or 20, AMF is the air mass factor,
ρ̃i is top of atmosphere reflectance of the window bands (ρ0, ρ1) inter- or extrapolated to
the wavelength λi of the absorption band:
ρ̃i = ρ0 +
ρ1 − ρ0
λ1 − λ0
· (λ1 − λ0) (9)
With that in mind, τri is a kind of rectified optical thickness, which is roughly propor-
tional to the amount of water vapour, the only absorbing atmospheric constituent around
0.9 µm.
2.3.6. Uncertainty Estimates
Uncertainty estimates are provided by considering all relevant sources of error such as
sensor noise, and errors of forward modelling parameters such as aerosol optical thickness,
aerosol vertical distribution, wind speed, surface elevation and temperature. Eventually,
the algorithm relies on a strict prior cloud detection. Undetected clouds can lead to
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underestimation of TCWV, due to shielding effects as well as to overestimation of TCWV
due to multiple scattering effects.
To incorporate forward model uncertainties SE is composed from the error co-variance
matrix of the measurement SM (from, e.g., instrument signal noise ratio at signal level) and
from the forward model parameter error co-variance SB. KB is the Jacobian of the forward
model F with respect to its parameterisations B:
SE = SM + KTBSBKB (10)
The retrieval uncertainty is part of the update step (see Equation (6)):
Ŝ = (S−1a + K
T
i · S−1E · Ki)
−1 (11)
considering the following sources of uncertainty:
• Measurement uncertainty (SNR)
• Uncertainty of the aerosol optical depth (assumed to be 0.1)
• Uncertainty of the surface pressure and temperature (assumed to be 5 K and 5 hPa).
Since the measurement is transformed, the corresponding measurement error co-
variance must be transformed too. Assuming that the SNR is approximately the same for
all bands and a simple uncertainty propagation of Equations (8) and (9), the uncertainty in
























Here we assume an uncertainty σ2inter (of 0.01) due to the extra- or interpolation of the
window bands to the absorption bands.
3. Results
3.1. Validation on Global Scale
Match-ups between OLCI COWa TCWV data set, as well as the standard OLCI L2
TCWV data set, and the three reference TCWV data sets from globally distributed ground-
based measurement sites, see Figure 3, have been created for the period of November
2017 to October 2018. For the validation, cloud-free and valid pixels, i.e., with a cost < 1
(Equation (4)), above land were averaged within an area around each ground station within
the ARM, AERONET and SuomiNet data sets. For the cloud detection, the OLCI standard
L2 cloud-mask has been applied, including the cloud ambiguous and cloud margin flags.
To include a match-up in the validation exercise the 3 × 3 OLCI pixel area centred around
the ground-based station needs to be 100% cloud free, while at least 90% of the pixels within
the surrounding averaging area needs to be cloud free. To minimise disturbing effects
such as undetected cloud, inaccurate geo-location and different observing geometries,
an averaging of the reference TCWV measurements within a 15 min time frame around the
Sentinel-3 OLCI overpass has been performed.
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Figure 3. Geographic distribution of ground-based observational sites for the three global validation
data sets.
3.1.1. ARM
Currently three ARM sites are operated continuously, two of them over land, see
Figure 3, resulting in a limited number of suitable MWR-OLCI collocated measurements.
For the comparison, valid OLCI TCWV pixels were averaged within a 10 × 10 km area
around each ARM site. As described in Section 2.3.3, the ARM TCWV product was used to
introduce correction coefficients for atmospheric transmittance calibration, and thus the
comparison serves as a consistency check.
The comparison of the OLCI COWa TCWV retrievals against the ARM TCWV re-
trievals for the 38 match-ups show a high agreement, see Figure 4 (left panel). The corre-
lation between both quantities is 0.99 for the OLCI COWa TCWV product and even 1.00
for the OLCI standard TCWV product. However, both the OLCI COWa root mean square
error (RMSE) and bias, 0.07 kg/m2 and 1.10 kg/m2, respectively, are significantly smaller
than for the standard OLCI TCWV product, see Figure 4 (right panel). While the standard
OLCI TCWV product shows a systematic overestimation of 11%, using orthogonal distance
regression (ODR) [58,59], which takes the uncertainties of both products into account,
the OLCI COWa TCWV product does not show any wet-bias.
3.1.2. AERONET
The AERONET sites are distributed over the globe, though the largest concentration
of sites can be found in Europe, see Figure 3. For the comparison, valid OLCI TCWV pixels
were averaged within a 10 km × 10 km area around each AERONET site.
The comparison of the OLCI COWa TCWV retrievals against the AERONET TCWV
retrievals for nearly 3000 match-ups show a good agreement, see Figure 5 (left panel).
The correlation between both quantities is 0.98. Both the RMSE and bias, 2.21 kg/m2
and 1.31 kg/m2, respectively, are significantly smaller than for the standard OLCI TCWV
product, see Figure 5 (right panel). The COWa TCWV products shows a significant smaller
wet-bias of 9%, using ODR, compared to the wet-bias of 23% for the standard OLCI
TCWV product.
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Figure 4. Comparison of the OLCI COWa TCWV retrieval algorithm (left) and the OLCI standard TCWV processor (right)
against ARM. N is the number of match-ups, ODR α and β are the orthogonal distance regression coefficients for the
intersect and slope, respectively, R is the correlation, RMSE is the root mean square error. The dotted line presents the 1:1
line, the solid black line presents the result of the ODR fit.
Figure 5. Normalised frequency of occurrence of the TCWV products for the comparison of the OLCI COWa TCWV
retrieval algorithm (left) and the OLCI standard TCWV processor (right) against AERONET. Symbols and abbreviations
same as in Figure 4.
3.1.3. SuomiNet
The U.S. SuomiNet sites are distributed over the globe, covering both low and high
elevations, however, the majority of these GPS stations are located in North-America
and Central-America, see Figure 3. For the comparison, valid OLCI TCWV pixels were
averaged within an 10 km × 10 km area around each GPS station.
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The comparison of the OLCI COWa TCWV retrievals against the SuomiNet TCWV
retrievals for nearly 3000 match-ups show a very good agreement, see Figure 6 (left panel).
The correlation between both quantities is 0.99 for both OLCI TCWV products. Both the
RMSE and bias, 0.42 kg/m2 and 1.19 kg/m2, respectively, are significantly smaller than for
the standard OLCI TCWV product, see Figure 6 (right panel). The COWa TCWV products
shows a nearly zero smaller wet-bias of 2%, using ODR, while the standard OLCI TCWV
product shows a wet-bias of 14%.
Figure 6. Normalised frequency of occurrence of the TCWV products for the comparison of the OLCI COWa TCWV retrieval
algorithm (left) and the OLCI standard TCWV processor (right) against SuomiNet. Symbols and abbreviations same as in
Figure 4.
3.2. Validation in German Domain
A match-up data set between the OLCI COWa TCWV product and the TCWV product
from a dense German GNSS network has been created for the spring and summer months
April to September for the years 2016 to 2018. Winter and autumn months were left out to
reduce the uncertainty in the assessment due to problematic OLCI TCWV retrievals related
to large solar zenith angles and misclassified snow surfaces. The cloud-free and valid
OLCI pixels, i.e., cost < 1., closest to the location of each GPS station are taken. Further
constraints include 100% cloud free conditions for the 3 × 3 OLCI pixels centred around
the GPS station and 90% cloud free conditions in the surrounding area within an area with
a radius of 15 km. Furthermore, the maximum allowed difference between the height of
the GPS station and the mean height within the OLCI pixel was set to 100 m. For this,
the free Digital Elevation Model (DEM) from NASA’s Shuttle Radar Topography Mission
(SRTM) [60] with a spatial resolution of 83 m was used. The maximum time difference
between the OLCI observations and the GPS observations is 7.5 min.
In Figure 7, an example of retrieved TCWV values and corresponding uncertainties
for an OLCI overpass in the German domain for a mostly clear-sky morning in May
2016 is shown, including the locations of the GPS station for which valid match-ups
could be created that day. The TCWV field shows large-scale variabilities, with TCWV
values ranging from about 6 kg/m2 in the south-east to about 20 kg/m2 in the northwest.
Corresponding TCWV relative uncertainties range from about 2 to 4% for the higher TCWV
values, while they can go up to 7–9% for the lower TCWV values. Note that this example
also shows TCWV retrievals over water surfaces, for which the corresponding uncertainties
are much higher. This is expected since the dark water surface leads to low signal return.
However, those retrievals are not further analysed in this study. Furthermore, small-scale
variabilities, e.g., in the form of alternating lines of high and low TCWV values, most
clearly visible in the northern part of the domain, can be observed. In the eastern part
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cloud streets have developed, indicated by the grey pixels, which extent further in the
domain later in the morning (not shown). Without in-depth analysis of this specific case,
still parallels can be found with the MERIS observations of horizontal convective rolls
described in [26].
Figure 7. Example of retrieved OLCI TCWV (left) and accompanying uncertainty (right) for the Sentinel-3a overpass over
the German domain on 7 May 2016 at around 09.51 UTC. The circles and colours within show the GPS stations with and
GNSS TCWV retrievals at the OLCI overpass time for GPS stations with valid retrievals. The gray colour indicates areas for
which no retrievals were performed, mostly due to the presence of clouds.
The comparison of the OLCI COWa TCWV retrievals against the GNSS TCWV re-
trievals for more than 4000 match-ups show a small dry bias of 0.34 kg/m2 and a relatively
large RMSE of 3.26 kg/m2, see Figure 8. Similar findings were done in [26] for the com-
parison of the MODIS-FUB TCWV retrieval against GNSS TCWV for the year 2013, with a
small dry bias of −0.31 kg/m2 and a RMSE of 2.52 kg/m2. Furthermore, here, a bi-modal
distribution can be observed, with the two maxima located around higher values of 13 and
17 kg/m2, attributed to the daytime and clear-sky sampling [26]. The correlation between
both quantities is 0.89. Using ODR, a wet-bias of 11% is found.
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Figure 8. Normalised frequency of occurrence of the TCWV products for the comparison of the
OLCI COWa TCWV retrieval algorithm on a pixel-bases against GNSS Germany. Symbols and
abbreviations same as in Figure 4.
3.3. A First Evaluation of Pixel-Based TCWV Uncertainty Estimates
An evaluation framework as described in [61] is used to assess the quality of the TCWV
uncertainty estimates provided by the optimal estimation retrieval scheme. It is based
on expected statistical properties of ensembles of estimated uncertainties and observed
retrieval errors. In this study, the OLCI COWa TCWV uncertainty estimates are evaluated
using the global match-up AERONET TCWV data set and corresponding uncertainties
(described in Section 2.2.2) as a reference. Out of the three reference TCWV data sets used in
this study, the AERONET data set provides the best global and seasonal coverage, including
a large variety of environmental and meteorological conditions. Another advantage is
the use of an inherent cloud masking method [62] and not having a fixed, but a relative
uncertainty estimate, while the GPS-based data sets do not provide an uncertainty estimate
per measurement.
The total expected discrepancy, εtot, between OLCI COWa TCWV and AERONET
TCWV for one single match-up takes into account the uncertainties of both TCWV retrievals,
εolci and εaero, respectively, assuming they are independent of one another. Since the TCWV
match-ups are not perfect in space and time, also the spatial and temporal variability
are taken into account. Here, the spatial variability is represented by the standard devia-
tion, εspat, computed from the OLCI pixel-based TCWV retrievals in an area around the
AERONET station. The temporal variability is represented by the standard deviation, εtemp,
computed from the AERONET TCWV retrievals within 15 min of the OLCI overpass time.





aero + std2spat + std
2
temp (13)
The total expected discrepancy, i.e., estimated uncertainty, is compared to the actual
retrieval errors, i.e., | TCWVOLCI − TCWVAERONET |, to assess consistency with the ex-
pectations, see Figure 9. The εtot is stratified into bins of 0.5 kg/m2 and for each bin a
quantile analysis is performed in terms of computation of the 38th, 68th and 95th per-
centile. Assuming Gaussian distributions, these percentiles relate to 0.5, 1 and 2 standard
deviations, respectively. Random selection of match-ups was done such that each bin is
equally populated.
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Figure 9. Total expected TCWV discrepancy vs. percentiles of absolute retrieval error, | TCWVOLCI −
TCWVAERONET |, for binned results. The dashed lines show theoretical values for the 38th, 68th and
95th percentile, which in case of Gaussian distribution relate to the 0.5, 1 and 2 standard deviations,
respectively.
In general, the total expected TCWV discrepancy increases with absolute retrieval
error. Up to about 1.5–2 kg/m2 expected discrepancy the uncertainty estimates are very
close to theoretical expectations. This is especially relevant for the 68th percentile, which
directly relates to the expectation of the retrieval error of 1 standard deviation. For larger
discrepancies there is an overall tendency for the uncertainty estimates to be too large.
Nonetheless, it is shown that despite the fact that the magnitude of the estimated
uncertainties are overestimated for higher retrieval errors, from about 3 kg/m2 on wards,
the distributions of the retrieval errors within each discrepancy bin are roughly Gaussian.
4. Discussion
This work presents a newly developed daytime TCWV retrieval for OLCI-A and -B
measurements over cloud-free land surfaces. It builds on retrieval methods developed
for the precursor passive imager MERIS [22] as well as for MODIS [24], but significant
extensions have been applied, taking advantage of the improved observing capabilities
of OLCI.
During the development of the algorithm, we found systematic deviations between
OLCI measurements and simulations. The microwave measurements at the ARM site in
the southern great plains Oklahoma, where the atmospheric condition could precisely be
determined, could be used to reduced the systematic bias. Unconsidered, the deviations
would lead to a wet bias. A wet bias has also been found in the current operational retrieval
and for former MERIS and MODIS algorithms. The systematic bias could be compensated
by a simple linear correction of the atmospheric transmittance, which likewise has also been
applied for MERIS and MODIS [24]. We are currently investigating, if the modification of
the absorption optical thickness is consistent with ground based observations of direct solar
irradiance measurements. For this, the time series of the Precision Solar Spectroradiometer
(PSR; [63]) and Pandora [64–66] measurements at the Lindenberg observatory in Germany,
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are used. If the absorption correction is not necessary for the ground observations, it would
be reasonable to assume satellite instrument specificities.
The presented COWa algorithm is fully capable of being used with observations from
instruments similar to OLCI, like the previous MERIS and MODIS. Basically, the used
look-up tables have to be exchanged and the instrument specific systematic deviations
have to be quantified and corrected, if necessary (see Section 2.3.3). Within ESA’s water
vapour climate change initiative (CCI; https://climate.esa.int/en/projects/water-vapour,
accessed on 1 March 2021) this path is currently committed in order to create climate data
records of TCWV. A first evaluation showed a high agreement of the respective datasets,
however small systematic discrepancies ≤ 1 kg/m2 have been found and are subject
of investigations.
The validation study is performed using four well-established ground-based TCWV
observation data sets on a global scale as well as for a German domain. For the comparison,
valid OLCI TCWV pixels were averaged within a 10 km × 10 km area around each ground-
based observation site. We acknowledge that this window is somewhat arbitrary. However,
considering that we need to take into account aspects such as different geometry views and
advection processes, this size allows in Reduced Resolution (RR) Mode (10 km =̂ 9 pixel)
the safe calculation of distribution parameters, like mean, median and standard deviation.
We are not aware of a matchup-protocol, like it is for example used in the Ocean Color
research community, which we could follow. We experimented with sizes of, e.g., 5 × 5 or
3 × 3 pixels in RR mode, which gave virtually the same results for the mean, and slightly
different results for the root mean squared difference between ground truth and satellite-
based TCWV observations. Hence, we included the spatial variability in the estimation
of the total expected discrepancy, which is needed for the evaluation of the retrieval
uncertainty (see Section 3.3). The comparison against the ARM TCWV product, which
serves as a consistency check, shows a bias and RMSE of 0.07 kg/m2 and 1.10 kg/m2. This
near-zero bias for OLCI COWa indicates that the inclusion of the atmospheric transmittance
correction coefficients in the TCWV retrieval framework was successful. The comparisons
against the AERONET and U.S. SuomiNet TCWV products show biases of 1.31 kg/m2 and
0.42 kg/m2, and RMSEs of 2.12 kg/m2 and 1.35 kg/m2, respectively. For the comparison
against the TCWV products from the German GNSS sites, a bias and RMSE of−0.34 kg/m2
and 3.26 kg/m2, respectively, was found. This compares well, despite a somewhat larger
RMSE, with earlier findings for the MODIS TCWV retrievals [26] based on [24]. In the
comparisons to all global reference data sets the estimated OLCI standard TCWV product,
which shows significantly larger systematic overestimations and RMSEs, and the OLCI
COWa TCWV products shows the superior performance of the latter.
The results from a first evaluation study of OLCI COWa TCWV uncertainties, us-
ing AERONET TCWV dataset as reference, show an overestimation of expected TCWV
discrepancy for larger retrieval errors, which is computed from the absolute difference
between the observed TCWV from AERONET and OLCI COWa. For absolute retieval
errors below about 3 kg/m2, the expected TCWV discrepancy is close to the theoretical
expectations. This could mean that the OLCI COWa retrieval error budget is too pessimistic
and possibly related to forward model errors which are not properly accounted for within
the OLCI COWa optimal estimation retrieval framework. Alternatively, it could mean
that the AERONET uncertainties are overestimated. We tend to lean to the latter, since
a relative uncertainty estimate of 12 to 15%, especially for larger TCWV values, seems
very high. This would also explain the larger overestimation of estimated uncertainty at
the high end, i.e., 95th percentile, of each binned distribution. Similar overestimation of
estimated uncertainty was found for higher discrepancies when not including the spatial
and temporal variability in the total expected discrepancy (not shown).
It has to be emphasised that the overall performance of the TCWV retrieval algorithm
strongly depends on the reliability of the cloud mask. Since OLCI does not provide
measurements in the thermal infrared, the screening of clouds is difficult. A dry bias is to
be expected where the cloud detection fails.
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5. Conclusions
The OLCI COWa TCWV retrieval method is based on a differential absorption tech-
nique, making use of measurements in the ρστ-absorption band and near-by window
bands, and can be easily adapted for different sensors which measure reflected sunlight in
this spectral region. The 1D-Var algorithm is based on a fast forward model, in the form of
high dimensional linear look up table interpolation. Uncertainties are provided on a pixel-
basis, based on uncertainties of measurements (SNRs) and the forward model assumptions.
The improvements with respect to the precursor TCWV retrieval methods designed for
MERIS, which the current operational OLCI standard TCWV retrieval algorithm is based
on, and MODIS relate to the:
• exploitation of the extended spectral capabilities;
• improvement in the inversion scheme by introducing a complete optimal estimation
scheme including linear error characterisation;
• set-up designed for flexible forward operator use and application to similar types of
observations, certainly from OLCI on future Sentinel-3 satellites, but also, e.g., from
future Flexible Combined Imager (FCI) on Meteosat Third Generation (MTG; [67])
and METimage on Metop - Second Generation (Metop-SG; [68]).
TCWV measurements at an ARM site over the Southern Great plains were used to
apply a correction for atmospheric transmittance in order to overcome systematic biases
that were also found in earlier studies. A comparison to the ARM TCWV product showed a
near-zero bias and RMSE of 0.07 kg/m2 and 1.10 kg/m2. Using three other well-established
ground-based TCWV datasets for validation on both a global scale for the years 2017–2018
and for a region in Germany for the months April-September for the years 2016–2018
showed biases and RMSEs ranging from −0.34 kg/m and 2.12 kg/m and 0.42 kg/m
and 3.26 kg/m, respectively. These validation results, performed for TCWV retrievals
from OLCI-A measurements, show that the proposed algorithm has acceptable accuracy.
A first evaluation of uncertainties is performed using the AERONET TCWV product and
accompanying uncertainty estimates as reference. A total expected TCWV discrepancy is
computed from a squared sum of both OLCI COWa and AERONET TCWV uncertainties
and the spatial and temporal variabilities related to each observational match-up. Despite
the overall tendency of the uncertainty estimates to be too large relative to the observed
retrieval error, the distribution of the retrieval errors is roughly Gaussian for the observed
TCWV discrepancies.
In future validation studies, the inclusion of additional ground-based and radiosonde
reference TCWV datasets like the GCOS Reference Upper-Air Network (GRUAN; https://
www.gruan.org, accessed on 1 March 2021) and radiosonde observations (RaOBs) are under
consideration, for which time delays between the observations need to be accounted for.
Moreover, TCWV retrievals from OLCI-B will be included, which will increase sampling
size and the corresponding match-up dataset significantly.
Several improvements of the OLCI COWa TCWV retrieval algorithm are envisaged
for the near future. First, a complete account of the varying central wavelength over OLCI’s
field of view will be included in the forward model. This is to appreciate, that the deviation
of the real spectral characteristics from the assumed nominal values is responsible for a
small but significant part to the uncertainty budget (see Section 2.3.4). For a next OLCI L1
reprocessing the inclusion of radiance uncertainties on a pixel by pixel basis is envisaged.
These uncertainties will then be propagated in the optimal estimation framework. Further-
more, a forward model for water surfaces is under development. Here, also information on
wind speeds and aerosol optical depth are taken into account. For conditions, where the sun
glint provides sufficient surface reflectance, water vapour columns can be retrieved. Low
reflectance conditions in off-glint regions will still be improper, because the observation of
the full atmospheric column is inhibited. Additional information could be gathered from
co-located thermal infrared measurements with moderate water vapour influences, like the
3.7, 11 and 12 µm bands of Sea and Land Surface Temperature Radiometer (SLSTR; [69]).
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The new OLCI COWa TCWV product is already subject of assimilation studies. First
analysis of the OLCI/Sentinel-3a TCWV land product against the UK-met-office assimila-
tion product shows that OLCI can improve the atmospheric state for numerical weather
prediction with respect to water vapour (Rodger Saunders, pers. Com. 2020). What is
more, the potential of using OLCI’s high spatial resolution TCWV observations for con-
vective initiation detection, i.e., observing small-scale convective structures in a TCWV
field before the onset of clouds and precipitation, is investigated within the German
project Near-Realtime Quantitative Precipitation Estimation and Prediction (RealPEP;
https://www2.meteo.uni-bonn.de/realpep/, accessed on 1 March 2021).
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Abbreviations
The following abbreviations are used in this manuscript:
1D-Var 1-Dimensional Variational
AERONET Aerosol Robotic Network
ARM Atmospheric Radiation Measurement
COWa Improvement in Copernicus Sentinel-3 OLCI Water Vapour Product
ECMWF European Centre for Medium-Range Weather Forecasts
EUMETSAT European Organisation for the Exploitation of Meteorological Satellites
FUB Freie Universität Berlin
GCOS Global Climate Observing System
GNSS Global Navigation Satellite Systems
GPS Global Positioning System
L1/L2 Level 1/Level 2
LBL Line-by-line
LUT Look-up Table
MERIS Medium Resolution Imaging Spectrometer Instrument
MOMO Matrix Operator Model
MODIS Moderate Resolution Imaging Spectroradiometer
MSG/MTG Meteosat Second/Third Generation
MWR Microwave Radiometer
NIR Near Infrared
ODR Orthogonal Distance Regression
OE Optimal Estimation
OLCI Ocean and Land Colour Instrument
RMSE Root Mean Square Error
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RTTOV Radiative Transfer for TOVS (TIROS Operational Vertical Sounder)
SEVIRI Spinning Enhanced Visible and Infrared Imager
SNR Signal-to-noise-ratio
STD Standard Deviation
TCWV Total Column Water Vapour
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